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Predicting Age-Related Decline in Processing Speed and Executive Functioning:
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Faith Trost Steffen-Allen, PhD
University of Connecticut, 2018
Normal aging is associated with changes in white matter (WM) integrity including visible lesions such as
white matter hyperintensities (WMH) as well as microstructural changes in normal appearing WM
(NAWM) measured with diffusion tensor imaging (DTI). Research suggests that WMH and
microstructural changes in NAWM may provide independent but complementary information on WM
integrity. Reductions in WM integrity and advanced age are also associated with reductions in executive
functioning (EF) and processing speed (PS); however, the relationship between WM change and
cognition in older adults over time is not fully understood. It is also important to consider other factors
that may moderate change in cognition over time, such as intellectual functioning and vascular risk
factors. The current study examined how demographics and change in WM integrity predict change on
measures of executive functioning and processing speed in a 4-year longitudinal study with a normal
aging sample. Eighty-five adults between the ages of 75 and 89 participated in baseline
neuropsychological testing. Sixty-four remained at 2 years and 37 remained at 4 years. Multilevel
Modeling was conducted to examine how change in WM integrity predicted change on the cognitive
measures over and above predictive utility of between-subjects effects. The present study provides
support for the hypothesis that reduction in WM integrity predicts cognitive decline in typical aging.
Additionally, WMH burden and microstructural indices of WM integrity in NAWM provide nonoverlapping but complementary information on how change in WM integrity predicts cognitive decline.
Finally, we found evidence that cognitive reserve reflects both the persistence of earlier differences in
cognitive functioning in some cognitive domains and the differential rates of decline in other domains.
These findings underscore the importance of longitudinal studies in evaluating the role of WM integrity
and demographic factors in shaping trajectories of cognitive aging.
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Cognitive aging is a selective process, and advanced age is associated with decrements
across several cognitive domains (Horn & Cattell, 1967; Salthouse, 1994; Salthouse, 2011; West,
1996). Decades of research in aging have found declines in both basic cognitive processes (such
as processing speed), as well as in higher-order cognitive processing (such as episodic memory,
fluid reasoning, and executive functioning); however, crystallized knowledge (such as semantic
memory) is relatively preserved (Bennett & Madden, 2014; Salthouse, 2011). Such declines in
cognition occur even in the absence of overt pathology (clinically symptomatic
neurodegenerative or vascular conditions) and are considered an aspect of “normal” or “typical”
cognitive aging (Kennedy & Raz, 2009; Lockhart & DeCarli, 2014).
While cognitive aging is considered normal, and such declines are considered minor, they
can still impact clinical outcomes in advancing age (Lockhart & DeCarli, 2014). Even in the
absence of a frank neurocognitive disorder, lower cognitive performance in older adults is
associated with poorer medication adherence and increased rates of hospitalization (Hayes,
Larimer, Adami, & Kaye, 2009; Wilson et al., 2014). Slowed processing speed (PS) in older
adults is an important predictor of driving cessation and may impact the efficiency of other
higher-order cognitive processing (Canolty et al., 2006; Salthouse, 1994). Reductions in
executive functioning (EF) can impact performance on complex tasks and processes required for
self-care, such as insight, planning, decision making, and medical self-monitoring (SédilleMostafaie, Zehetmayer, Krampla, Krugluger, & Fischer, 2015). Understanding the biological
basis of cognitive differences in typical aging may allow prediction and treatment of age-related
cognitive decline, with the goal of enhancing quality of life and survival in later life (Lockhart &
DeCarli, 2014).
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Aging and White Matter Changes
While many elements of cognitive tasks are highly localized, others are dependent on
coordination between both local and global neural networks and rely on cross-cortical
connections (Catani & Ffytche, 2005). Thus, white matter (WM) integrity is important for the
coordination of normal cognitive functioning, and loss of WM, or decline in WM integrity, likely
contributes to age-related cognitive decline (Catani & Ffytche, 2005; Gunning-Dixon, Brickman,
Cheng, & Alexopoulos, 2009; Raz, Gunning-Dixon, Head, Dupuis, & Acker, 1998). Imaging
studies have revealed age-related changes in WM, even during normal aging (Bender & Raz,
2015; Gunning-Dixon & Raz, 2000; Malloy, Correia, Stebbins, & Laidlaw, 2007; O’Sullivan et
al., 2001). Additionally, histopathological studies have shown that aging is associated with
breakdown of myelin integrity as well as overall loss of myelin (Bartzokis et al., 2004; Marner,
Nyengaard, Tang, & Pakkenberg, 2003).
Gray and white matter volume both decline with increasing age and are associated with
changes in cognition; however, the pattern of decline appears to differ (Bartzokis et al., 2004;
Lockhart & DeCarli, 2014). Evidence suggests that gray matter volume declines in a linear
manner, but that white matter volume decline is non-linear, accelerates after age 50, and
correlates with expansion of cerebral spinal fluid (Lockhart & DeCarli, 2014; Raz et al., 2005;
Salat, 2014). Further, WM volume changes appear to be most pronounced in anterior brain
regions, such as prefrontal (orbital and dorsolateral) and inferior partial WM (Gunning-Dixon et
al., 2009; Raz et al., 2005, 1998). Pathological studies suggest that change in myelinated fiber
size and expansion of perivascular spaces results from atrophy of cerebral white (Lockhart &
DeCarli, 2014).
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In addition to changes in WM volume, advancing age is also associated with reductions
in WM integrity, observed in magnetic resonance imaging studies (Bartzokis et al., 2004;
Bender, Völkle, & Raz, 2016; Bennett & Madden, 2014; Gunning-Dixon et al., 2009).
Macrostructural white matter changes are frequently measured as white matter hyperintensities
(WMH), which are bright foci observed on T2 weighted magnetic resonance images (MRI) in
brain parenchyma (Gunning-Dixon et al., 2009). WMH reflect alterations in WM that are
thought to be the result of ischemic lesions, demyelination, gliosis, axonal atrophy and breaches
of the blood-brain barrier (Erten-Lyons et al., 2013). The number and volume of WMH increase
with increasing age (chronological age appears to be the strongest predictor of severity) and are
associated with vascular risk factors (hypertension, diabetes mellitus, and smoking) and
cerebrovascular disease (Bartzokis et al., 2004; Bender, Prindle, Brandmaier, & Raz, 2016;
Gunning-Dixon et al., 2009; Raz et al., 1998). WMH generally begin as punctuate regions that
expand and form larger confluent regions with disease progression. WM lesions usually are most
prevalent in anterior periventricuar regions, though they occur in both the anterior and posterior
periventricular regions and extend outward with increasing age (Lockhart & DeCarli, 2014;
Wakefield et al., 2010). Historically, WMH were thought to represent pre-disease processes, and
the extent and distribution of WMH do increase in the context of mild cognitive impairment and
dementia (Lockhart & DeCarli, 2014); however, more recent neuroimaging research has
revealed that decreases in WM integrity can occur in older age in the absence of specific
neurologic disease. Indeed, studies show that many older adults have WMH and do not have
dementia (Bennett & Madden, 2014; O’Sullivan, 2008).
In contrast to measurement of macrostructural white matter changes with T2 WMH,
Diffusion Tensor Imaging (DTI) provides a means of investigating microstructural properties of
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the brain WM and allows examination of WM integrity in otherwise normal appearing WM
(Gunning-Dixon et al., 2009; Pierpaoli & Basser, 1996). DTI measures the diffusion of water
molecules in biological tissue (Basser, Mattiello, & LeBihan, 1994). Diffusion within cerebral
spinal fluid (e.g. ventricles) is largely unbounded and non-directional (isotropic). Within gray
matter, barriers to diffusion (cell bodies and dendrites) are non-uniform and result in relatively
isotropic diffusion. In contrast, diffusion within WM is restricted by axonal cell membranes,
myelin sheaths, and other cytoskeletal elements, such that diffusion runs largely parallel to the
axons and is more directionally restricted (anisotropic) (Beaulieu, 2002).
DTI provides several indices that are thought to reflect WM integrity. Fractional
anisotropy (FA) is a scalar value that reflects the degree of anisotropy (directional dependency)
of diffusion. FA represents a ratio of the likelihood of diffusion along the principal axis of the
diffusion tensor to diffusion in orthogonal directions. FA values closer to 1 indicate diffusion
that is more directionally dependent, where values closer to 0 indicate diffusion that is not
directionally restricted. FA is thought to reflect integrity of biological boundaries that constrain
the diffusion of water molecules (Beaulieu, 2002). Mean diffusivity (MD) is a scalar measure of
the rate of diffusion within a given voxel, independent of directionality. MD values closer to 0
indicate more barriers to diffusion, and are found in regions of the brain with more axonal
membranes, myelin sheaths, and neurofilaments. Further, in studies of aging, FA and MD often
show an inverse, but complementary, relation as decreases in FA are accompanied by MD
increases within the same region (Sullivan & Pfefferbaum, 2006). Lower FA is thought to reflect
axonal injury, whereas higher MD is suggested to represent changes in tract integrity due to
demyelination (Santiago et al., 2015). Thus, higher FA and lower MD values are thought to
indicate greater white matter integrity (Bennett & Madden, 2014).
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Age-related declines in DTI measures of white matter integrity have been well
documented, with reduced FA and increased MD found with increasing age in cross-sectional
studies, as well as fewer longitudinal designs (Kochunov et al., 2012; Madden et al., 2012;
Madden, Bennett, & Song, 2009). The most consistent finding from DTI studies in aging is that
prefrontal WM is more vulnerable to declines in integrity relative to other WM and that WM
integrity decline (as assessed by FA and MD) follows an anterior to posterior gradient (GunningDixon et al., 2009; Kennedy & Raz, 2009; Lockhart & DeCarli, 2014). Further, reductions in
DTI indices may precede and predict further WM decline, including development of WMH or
WM atrophy (Hugenschmidt et al., 2008; Maillard et al., 2013).
WMH and change in DTI indices are related processes. Studies have found lower FA and
higher MD in WMH than in normal appearing white matter (NAWM; WM without WMH)
(Maniega et al., 2015). The level of deterioration of NAWM has been shown to be associated
with the severity of WMH (Maniega et al., 2015). Additionally, studies suggest that WMH are
surrounded by penumbra of subtly injured tissue and that WMH may represent merely the focal
peaks of more wide-spread and subtle white matter injury, as evidenced by findings that FA
decreases and MD increases as a function of spatial proximity to WMH (Maillard et al., 2013).
Thus, WMH studies may have failed to capture the true degree and extent of age-associated WM
change. DTI, meanwhile, may be better suited for modeling WM decline as a continuous process
and has been shown to be sensitive to subtle WM changes that occur with advancing age. It is
important to note, however, that there is a large body of WMH literature and that using DTI
scans to make inferences about WM injury requires more sophistication than WMH studies
(Maillard et al., 2013). Finally, the DTI studies variably include total WM or NAWM for
analysis and studies utilizing DTI and WMH in conjunction are limited (Bennett & Madden,
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2014). This is important to explicate because DTI studies in NAWM and total WM do not reveal
the same outcomes (Maillard et al., 2013; Vernooij et al., 2008).
Cognitive Aging and White Matter Integrity
Cross-sectional imaging studies in healthy adults consistently suggest a relationship
between decline in white matter integrity and decline in cognition, with the greatest effect sizes
observed on measures of executive functioning and processing speed. These results have been
demonstrated in WMH studies (Gunning-Dixon & Raz, 2003; Rabbitt et al., 2007; Raz et al.,
2012), as well as DTI studies (Bennett & Madden, 2014; Gunning-Dixon et al., 2009;
MacPherson et al., 2017; Madden, Bennett, et al., 2009). Furthermore, these effects persist,
though to a lesser extent, after controlling for age (Bennett & Madden, 2014). However, the
scarcity of longitudinal studies remains a major obstacle to understanding the impact of agerelated changes in WM on cognition (Bender & Raz, 2015).
Several longitudinal studies have found that change in overall WMH volume is
associated with change in executive functioning (including working memory) and processing
speed (Carmichael et al., 2012; Kramer et al., 2007; Lockhart & DeCarli, 2014; Longstreth et al.,
1996; Vannorsdall, Waldstein, Kraut, Pearlson, & Schretlen, 2009). The few longitudinal DTI
studies have used a variety of techniques and obtained mixed results. Some studies have shown
no association between change in DTI indices and executive functioning (Bender, Prindle, et al.,
2016; Lövdén et al., 2014) or processing speed (Bender, Prindle, et al., 2016; Charlton,
Schiavone, Barrick, Morris, & Markus, 2010; Ritchie et al., 2015), while others have shown that
reductions in WM integrity are associated with reductions in executive functioning (Charlton et
al., 2010; Faget-Agius et al., 2013; Fjell, Sneve, Grydeland, Storsve, & Walhovd, 2016) and
processing speed (Lövdén et al., 2014). Another limitation of the field is that few studies have
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utilized both WMH and DTI indices, so the relative contribution of microstructural versus
macrostructural variation in WM integrity to age-related differences in cognition has not been
resolved (Bennett & Madden, 2014). Some studies have suggested that DTI is a more sensitive
measure of WM change (Burgmans et al., 2010; Hugenschmidt et al., 2008), but a large scale
study found that WMH explained more of the age-related differences in cognition (Vernooij et
al., 2008). Another study found that only overall FA predicted age-related differences in
processing speed but in no other cognitive domains (Burgmans et al., 2010).
Another limitation in this area is that across DTI studies, there has been minimal overlap
in the region-specificity of WM tract integrity and cognition, with the exception that the
relationships are stronger in anterior brain regions (Madden, Spaniol, et al., 2009; Perry et al.,
2009). One possible reason for the discrepancies found in the body of literature around
microstructural WM integrity and cognition is the large variety of methodologies used. Methods
include whole brain voxel-wise analyses, measures in very large regions of interest (ROI), or
localized and specific regional measures. Further, studies variably exclude WMH from DTI
analysis. The selection of cognitive measures varies widely across studies, and often includes
global indices amalgamating multiple cognitive domains. There is also a large variety in sample
composition across studies, with some samples containing only one gender, some with mixed
handedness, and variable age ranges (Kennedy & Raz, 2009). Finally, it is unclear if age-related
declines in DTI indices represent effects associated with individual tracts, or instead are global
effects occurring across the whole brain. Some studies have indicated that global changes in WM
may be more prominent and predictive (particularly when studying the relationship between WM
integrity and processing speed) than tract-specific effects , while other studies have demonstrated
the opposite (Bennett & Madden, 2014; Jolly et al., 2017). Even in the absence of a general

7

effect, the data for individual tracts is likely to be correlated, particularly in tracts that are
spatially contiguous. Therefore, by analyzing each tract individually, the contribution from the
shared variance across tracts is not taken into account, though it is unclear if different regions
may contribute unequally to global WM indices (Bennett & Madden, 2014; Wakefield et al.,
2010). Given the lack of clarity in this area, it may be important for studies to first examine the
global impact of DTI measures on WM integrity before trying to examine tract-specific effects.
Impacts on Cognitive Aging: Understanding Cognitive Reserve
Reductions in WM integrity may disrupt cortical-cortical connections that integrate
global neural networks that are essential for cognitive tasks. Thus, age-related reductions in
(WM) integrity may reduce the efficiency of cortical networks and consequently increase the
reliance on compensatory processes (Brickman et al., 2011; Catani & Ffytche, 2005; Jolly et al.,
2017). Cognitive reserve may be important to consider when engaging in studies of age-related
cognitive decline. The cognitive reserve hypothesis states that individuals with higher reserve
(greater experiential resources, such as education or knowledge) are able to better cope with
brain pathology through compensatory strategies than individuals with lower reserve (Brickman
et al., 2011; Mitchell, Shaughnessy, Shirk, Yang, & Atri, 2012). From a developmental
perspective, reserve is the accumulation of experiences and exposures that moderates the
relationship between brain pathology and its clinical expression. Brickman and colleagues (2011)
have suggested that cognitive reserve does not protect the brain against the development of brain
pathology, but rather moderates the association between pathology and the expression of that
pathology through compensation.
Cognitive reserve is generally associated with higher educational and occupational
attainment, and more involvement in physical, social, and leisure activities in normal aging and
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dementia populations (Stern et al., 1994; Wilson, Scherr, Schneider, Tang, & Bennett, 2007).
The cognitive reserve hypothesis has been supported by studies that found that high levels of
reserve (as indexed by variables such as education, occupation, and premorbid IQ) was
associated with lower risks for incident dementia (Valenzuela & Sachdev, 2006). However, it is
unclear if cognitive reserve results in a slower rate of age-related cognitive decline, or rather acts
as protective merely due to higher starting cognitive functioning (i.e. further to fall) (Brickman et
al., 2011; Mitchell et al., 2012). Thus, longitudinal studies of age-related cognitive decline
should also consider the impact of cognitive reserve factors (such as level of education) that may
contribute to findings.
Vascular Impact on Cognitive Aging and White Matter Integrity
Vascular risk factors (hypertension, diabetes mellitus, and smoking) and cerebrovascular
disease are thought to contribute to and possibly confound the study of typical brain aging
(Lockhart & DeCarli, 2014). Community based studies suggest that clinically silent hypertension
and cerebrovascular disease is common even among cognitively typical older adults (Lockhart &
DeCarli, 2014; Yang, Bender, & Raz, 2015). Hypertension and other vascular factors have been
found to be associated with cognitive performance, with the most frequent effects including
declines in attention and working memory, processing speed, and executive functioning (Debette
& Markus, 2010; Scott et al., 2016).
In addition to the association between vascular factors and cognition, vascular factors
have also been linked to declines in WM integrity. The number and volume of WMH have been
shown to be associated with vascular risk factors (hypertension, diabetes mellitus, and smoking)
and cerebrovascular disease (Bartzokis et al., 2004; Bender, Prindle, et al., 2016; Gunning-Dixon
et al., 2009; Raz et al., 1998). Several studies have found that hypertension accounts for much of
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the variability of WMH volume, independent of age (Gunning-Dixon et al., 2009). Additionally,
midlife hypertension and increasing systolic blood pressure may predict the rate of increase in
WMH in older age (Allan et al., 2015; Debette et al., 2011; Debette & Markus, 2010; Mechelli et
al., 2007). These findings are even observed among individuals with medication controlled
hypertension (Scott et al., 2016). Similar patterns have been observed in DTI studies, where
increased vascular risk (such as mean arterial blood pressure) predicted worse WM integrity after
controlling for age and WMH load (Salat et al., 2012; Yang et al., 2015). Thus, any study that
examines the impact of WM integrity on cognition should also consider the impact of vascular
risk factors.
The Present Study
The extant literature suggests that WMH and NAWM undergo continuous changes over
time, even during typical aging. As such, these changes may be subject to potential intervention.
WMH and reduced DTI indices are consistently found to be associated with lower performance
on cognitive tasks, particularly in processing speed and executive functioning. Longitudinal
studies demonstrate some evidence that changes in WM integrity are associated with vascular
risk factors and may predict decline in executive functioning and processing speed. Clinically,
cognitive aging has important impacts on the outcomes for older adults, and decline in
processing speed and executive functioning in particular may have impacts on independence
(driving, planning, medication management, etc.) (Kerchner et al., 2012; Lockhart & DeCarli,
2014). Understanding the biological basis of cognitive changes in typical aging may allow
prediction and treatment of age-related cognitive decline, with the goal of improving outcomes in
later life. Understanding the relevant factors in typical aging may provide clues to understanding
and preventing the progression of disease processes. Studies that examine WM integrity,
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cognitive aging, and vascular risk may help to identify new outcome measures for clinical trials
that seek to control vascular risk factors and improve cognitive outcomes. In particular, measures
of WM integrity may serve as bio-markers for early intervention trials aimed at improving
cognitive health.
The current study aimed to address gaps in the extant literature on the impact of white
matter integrity on cognitive aging. First, in response to the paucity of longitudinal studies, this
study allows for examining the predictors of age-related change on cognitive measures, reducing
the possibility that the findings are confounded by age effects. Second, this study addresses
another limitation in the field: the scarcity of studies utilizing both WMH and DTI indices. By
including both methods this study examined the relative contribution of WM integrity in NAWM
and WMH accumulation to cognitive aging. Third, given the lack of agreement in the extant DTI
literature on tract-specific WM integrity effects on cognitive decline, this study examined whole
brain measures of WMH and DTI in order to contribute to the understanding of the global impact
of WM integrity on cognitive aging. Studies such as this can serve as a base for future studies
that examine tract-specific effects. Finally, this study included other factors that may impact WM
integrity and/or age-related cognitive decline: cognitive reserve and blood pressure (as a proxy
for relative hypertensive effects). The cognitive measures for analysis were selected in the
following way: A previously published analysis of this cohort (Papp et al., 2014) found that total
WMH volume predicted performance on several measures of executive functioning and
processing speed (after controlling for age), at the 2-year time point. We wanted to expand this
analysis to see if WMH volume predicted change on measures of PS and EF, and if WMH and
DTI differentially predicted change. We included Trails B and Stroop CW as these measures
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were administered to individuals at all three time points. We also included Trails A as a measure
of PS without an EF component. This study has five broad hypotheses:
H1: Declines in performance will be observed on all cognitive measures across the
study time frame. This is consistent with previous literature demonstrating age-related
cognitive decline in EF and PS; we expected to see decline on all tasks across the study timeframe.
H2: Demographic variables will predict baseline scores on cognitive measures. We
expected that age would predict raw score performance on all tasks, consistent with extant
literature. We expected that education, an indication of cognitive reserve, would predict
performance on EF tasks, given the findings that cognitive reserve is associated with higher
levels of executive functioning (Lezak, Howieson, Bigler, & Tranel, 2012; Siedlecki et al.,
2009). Finally, we expected to see a slight effect of gender (women performing more slowly than
men) on the TMT B, but no gender differences on TMT A or Stroop CW (Lezak et al., 2012).
H3: Baseline education, but not age will moderate change in cognition over time. We
evaluated whether the rate of change on measures of EF and PS was predicted by baseline age
(to evaluate whether age-related cognitive decline was non-linear) or education (to evaluate
whether cognitive reserve is associated with slower age-related cognitive decline). We
hypothesized that higher levels of education would predict slower decline on cognitive measures,
particularly EF measures. We did not expect age to predict rate of decline given the literature
base suggesting monotonic declines in many domains of cognitive functioning (Salthouse, 2014).
H4: Indicators of macrostructural WM integrity (WMH) and microstructural WM
integrity in NAWM (DTI) will independently predict change in cognitive measures across
the study. This is consistent with the literature suggesting that change in WM integrity is
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associated with change in EF and PS, as well as the findings that WMH and integrity in NAWM
provide independent but complementary information on WM integrity and both are predictive of
cognitive performance. We expected that these relationships would exist even after controlling
for demographic factors.
H5: Higher MABP will predict worse cognitive performance cross-sectionally and
longitudinally. We included mean arterial blood pressure (MABP) as a proxy for relative
hypertensive effects. MABP is a metric commonly used in clinical settings to obtain a measure
of overall BP, as it contains both systolic and diastolic measurements in its formula. Prior studies
have utilized MABP, particularly when examining blood pressure in the context of cognition or
brain structure in older adults (Allan et al., 2015; Jacobs et al., 2013). We predicted that higher
MABP would be associated with worse performance on cognitive measures. Additionally, we
expected that worsening MABP would predict decline on cognitive measures across the study,
consistent with findings that MABP is related to decline in EF and PS and that greater MABP is
associated with increased WMH volume (Allan et al., 2015; Salat et al., 2012; Tsao et al., 2016).
Methods
Participants
The protocol for the current study was approved by the University of Connecticut Health
Center Institutional Review Board. Participants (aged 75-89) were recruited for a longitudinal
follow up study from the greater Hartford, CT region from senior centers, senior living facilities,
physician referrals, and newspaper advertisements to take part in a study on mobility, white
matter integrity and cognition. Three hundred twelve potential participants were screened via
telephone. One hundred sixty-four individuals were eligible, and 117 gave written, informed
consent and underwent neurological examination. Exclusion criteria included neurologic disease
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compromising mobility (e.g., Parkinson’s disease, stroke, ataxia), sensory deficit (e.g., vestibular
impairment, corrected distance vision more than 20 over 70), medications impairing motor
function, cognitive impairment (Mini-Mental State Examination score <24), unstable
cardiovascular disease, pulmonary disease requiring oxygen, inability to walk 10 meters
independently in 50 seconds or less, weight greater than 250 pounds, excessive alcohol intake,
pacemaker or other metallic device/implant which prohibits MRI, and expected lifespan less than
4 years. Seventeen individuals were excluded at baseline due to arthritis, Parkinson’s disease,
and claustrophobia and one due to tentorial meningioma. Participants were given a detailed
description of the study, after which they provided informed consent.
The sample was originally recruited for a study investigating the association between
mobility and white matter integrity in older adults. Thus the original recruitment methods
included a balanced enrollment of gender, age, and mobility performance. Subjects were entered
into a balanced 3 × 3 matrix which stratified age (75–79, 80–84, and ≥ 85), gender (60% female),
and mobility performance using Short Physical Performance Battery (SPPB) scores (11–12, 9–
10, and <9). At baseline, 2- and 4-years subjects underwent physical, neurological, mobility, and
cognitive assessment, followed by brain MRI. At each time point, clinic blood pressure (BP),
mobility, depression, and cognition were all assessed on the same day. The MRI was completed
within 3 weeks. Participants and assessors were blinded to clinical and imaging outcomes.
Ninety-nine subjects were enrolled for baseline evaluation (39 males, 60 females).
Subjects were well-educated non-Hispanic white individuals with only 7 non-high school
graduates, despite efforts to recruit more diverse participants. Of the 99 subjects at baseline, 14
did not have complete data for the current analysis, including cognitive measures and MRI. At
time 2 an additional 16 participants were lost to follow-up and one did not have complete data.
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At time three, a further seven were lost to follow-up and 26 did not have complete data. Reasons
for attrition include death, disability, refusal of MRI, unable to be located, moved from the area,
no longer interested, and health reasons. For baseline, 2 years, and 4 years, valid and complete
data was present for 85, 64, and 37 participants, respectively. See Figure 1 for final sample size
flow chart.
Brain Imaging
Image analysis. High-resolution MR images of the brain were acquired at the Institute of
Living (Hartford, Connecticut) using three MR sequences on a 3-Tesla Siemens Allegra scanner
(Erlangen, Germany): T1-weighted Magnetization Prepared Rapid Gradient Echo (MPRAGE)
(176 contiguous 1-mm thick axial slices, TR/TE = 2500/2.74 ms, TI=900 ms, matrix size =
256×208, in-plane pixel spacing = 1mm×1 mm); 3D-Fast Spin Echo (T2) (176 contiguous 1mm
thick sagittal slices, TR/TE = 2500/353 ms, matrix size = 256×220, in-plane pixel spacing =
1mm×1 mm), and Fluid Attenuated Inversion Recovery (FLAIR) (128 contiguous 1.3mm thick
sagittal slices, TR/TE = 6000/353 ms, TI = 2200 ms, matrix size = 256×208, in-plane pixel
spacing = 1mm×1 mm). Pre-processing included correction of magnetic field-related signal in
homogeneities (Sled, Zijdenbos, & Evans, 1998) and linear affine registration of FLAIR and T2
series to the MPRAGE series (Jenkinson & Smith, 2001).
Intracranial cavity determination. The intracranial cavity (ICC) was obtained from the
T2 series via semi-automated skull stripping using custom-made software implemented in
Matlab (Mathworks Inc., Natick, Massachusetts). ICC included cortical cerebrospinal fluid and
was used to exclude non-brain voxels from the subsequent tissue class segmentation.
Probabilistic brain atlas (ICBM) creation. During segmentation, ICBM brain atlas
(International Consortium on Brain Mapping, UCLA) was warped to each subject’s brain
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through linear affine registration (Jenkinson & Smith, 2001), followed by non-rigid registration
as implemented in 3D-Slicer to provide a probabilistic template for gray matter (GM) and WM
classification (Pohl, Bouix, Kikinis, & Grimson, 2004). The ICBM was also used for stereotaxic
analysis as standard space to which the brain of each subject was normalized.
Brain segmentation. MPRAGE and FLAIR images were used for semi-automated
segmentation into WM, WMH, and cerebrospinal fluid. To account for head size variability,
individual tissue class volumes were also normalized and expressed as fraction of ICC (WMF,
WMHF). WMH were defined as WM areas that were hyper-intense in FLAIR images. To obtain
the optimal segmentation we combined the outputs of three separate pipelines: single-channel
and double-channel using 3D-Slicer (Pohl et al., 2004) and the segmentation module of Free
Surfer (Fischl et al., 2002). True WMH had to be classified in at least two of the three
segmentation outputs (>10% spatial overlap). WMH three pixels or less in size were excluded.
Global Diffusion Indices. DTI was performed using a standard twice-refocused EPI
sequence with TR/TE = 5800/87 ms, FOV = 20 cm, acquisition and reconstruction
matrices = 128 × 96 and 128 × 128, diffusion sensitizing orientations in 12 directions with one
B0, and 8 averages for each direction at b = 1000 s/mm2. Forty-five contiguous axial slices with
3 mm section thickness were acquired. DTI data were checked for excessive background noise,
motion and other artifacts; significant artifacts resulted in subject exclusion. FSL software
(MMRIB software library; www.fmrib.ox.ac.uk/fsl) was used for standard analysis including
motion and eddy current corrections. All DTI images were co-registered to the B0 image, with
gradient directions corrected for the applied rotation. To enhance reproducibility and ensure
overlap of narrow WM structures between subjects, Tract Based Spatial Statistics (TBSS) (Smith
et al., 2006) were utilized. This approach defines a WM skeleton from the DTI data (one for the
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whole study population, using all data) by finding continuous tracts of local FA maxima. Each
subject's FA and MD maps were then propagated to this skeleton to ensure that narrow WM
tracts, which may not precisely overlap after whole brain co-registration, are projected to the
same WM skeleton. For each subject, the NAWM and WMH parcellation maps were
consolidated to a single map with NAWM and WMH labeled differently. This map was used in
subsequent steps to determine pixels for diffusion indices determination. NAWM was defined as
the cerebral white matter pixels not classified as WMH by the above stated method. Diffusion
indices were expressed as mean values (sum of pixel values divided by the number of pixels) and
their relative units represent either arbitrary units (FA) or μm2/second (MD).
Neuropsychological Measures
The study neuropsychological test battery included the following measures: Trail Making
Test, Parts A (TMT A) and B (TMT B) (Reitan, 1958); Stroop Color and Word Test (Golden,
1978); California Computerized Assessment Package, a continuous performance test (CalCAP);
the Grooved Pegboard Test, a measure of eye hand coordination and fine motor speed and
control (GPT; Lafayette Instrument Company; Model 32025); and the Controlled Oral Word
Association Test (COWAT), a measure of semantic and phonemic verbal fluency. The Wechsler
Test of Adult Reading Test (WTAR) was also included to provide an IQ estimate. All tests were
administered by trained examiners using standardized procedures.
This report focuses on the TMT A and B and the Stroop Color and Word Test ColorWord trial (Stroop CW). The TMT is a test of scanning, visuomotor tracking, divided attention,
and cognitive flexibility. The test is given in two parts, A and B. In part A, the participant is first
asked to draw lines to rapidly connect consecutively numbered circles on one sheet. Part A
involves visual scanning, psychomotor processing speed, and attention (Lezak et al., 2012;
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Reitan, 1958). On part B, the participant is asked to rapidly connect consecutively numbered and
lettered circles on another sheet by alternating between the two sequences. Part B involves the
same cognitive components as part A, as well as an executive functioning component (i.e.
divided attention, cognitive flexibility, and working memory) (Lezak et al., 2012; Reitan, 1958).
While a ratio of the Trail Making Test (B/A) is often used to isolate the executive component of
the task without a processing speed component, it is not clear that how ratios of B/A may
increase over time (Salthouse et al., 2000). Thus, raw time scores (rather than ratio scores) on the
Trail Making Test were used in the current longitudinal study maximize the changes of picking
up on ag-related decline on the test. The Stroop Color and Word Test is a measure of processing
speed, selective processing, and response inhibition. On the word reading trial, participants are
asked to rapidly read words printed in black ink. On the color naming trial, participants are asked
to rapidly name color patches presented on a page. On the color-word trial, participants are asked
to rapidly name the color of the ink of words in which incongruent color names are printed (e.g.,
the word “green” printed in red ink) (Golden, 1978; Lezak et al., 2012). Mean and standard
deviations of participants’ performance on these tasks at each time point are summarized in
Table 1.
Blood Pressure
Systolic and diastolic blood pressure were measured at each clinic visit. Mean arterial
blood pressure (MABP) was calculated from the systolic and diastolic arterial pressure using the
formula: MABP = ([2 × Pdiastolic]+Psystolic)/3. This allowed one value of blood pressure to be
included in models. Mean and standard deviations of participants’ MABP at each time point are
summarized in Table 1. MABP is a metric commonly used in clinical settings to
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obtain a metric of overall BP, as it contains both systolic and diastolic measurements in its
formula. It is believed to indicate perfusion pressure, particularly in body organs. Prior studies
have utilized MABP, particularly when examining blood pressure in the context of cognition or
brain structure in older adults (Allan et al., 2015; Jacobs et al., 2013)
Statistical Analysis
Hierarchical Linear Modeling (HLM) was used to address the research questions as it
allows for analysis of longitudinal data with attrition over time and uses all available data for
estimating the model parameters. It allows for estimation of individual growth trajectories for
each participant on each cognitive variable of interest. Thus, HLM allows for the examination of
prediction individuals’ change in cognition over time (within-subjects effects) as well as the
examination of what predicts differences between individuals in cognitive scores (betweensubjects effects). HLM version 7.00 (Scientific Software International, Inc., Lincolnwood, IL)
and SPSS version 24.0 (SPSS Inc., Chicago, IL) were used for analysis.
To address H1 of the study—is there significant change on the cognitive measures over
time—models predicting each of the cognitive variables were estimated to model change in them
over time. Each model consisted of the intercept and a time variable centered at baseline (coded
0, 1, and 2). Coding the time variable in this manner allowed for interpreting the intercept as
participants' baseline score on the variable, and the time slope as the change in the baseline score
over each time point.
To address H2 of the study— do demographic variables predict baseline scores on
cognitive measures—models predicting baseline performance on each cognitive variable were
run with age, education, and gender as between-subjects variables.
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To address H3—do baseline demographic factors moderate change in cognition over
time—for each cognitive measure that demonstrated significant change trajectories in H1
analyses models were run. At the between-subjects level (level 2), age and education were used
as predictors of the time slope for each cognitive measure.
To address H4 of the study—white matter integrity variables as predictors of change
trajectories in the cognitive measures—models predicting each cognitive variable that
demonstrated significant change trajectories in aim 1 were run with age, education, and gender as
between-subjects variables (level 2) and percent WMH, FA, and MD as within-subjects variables
(level 1). For cognitive measures that did not demonstrate significant change trajectories in H1
analyses, models were run with level 2 predictors only (age, education, and gender).
To explore H5—does blood pressure predict performance on cognitive measures—HLM
was used to examine the predictive validity of mean arterial blood pressure on cognition. Models
were run for each task with age, education, gender, and MABP as between-subjects variables.
Models were run without age to examine whether age may confound MABP effects. Models
were also run for TMT A & B tasks with age, education, and gender as between-subjects control
variables and MABP as a within-subjects variable.
In all HLM models, estimated, level 1 predictors were person-mean centered and level 2
predictors (except gender) were grand mean centered, to better tease apart within-person effects.
Time was included in all of the within-subjects analysis, to control for the effects of time, and to
more confidently attribute the change in the cognitive variables to the change in the predictors.
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Results
Descriptives
Individuals who remained at four years did not differ significantly from those who
dropped out before four years in gender (2(1, N = 85) = 0.041, p = 0.84), education (t(83) =
0.94, p = 0.35), or estimated IQ (WTAR: t(83) = 1.67, p = 0.10). The two groups differed
significantly on age (t(83) = -2.21, p = 0.03), such that individuals who remained at four years
(M = 81.89, SD = 4.29) were younger than those who did not (M = 83.76, SD = 3.55). See Table
1 for descriptives of variables for the final sample across the study span.
H1: Declines in performance will be observed on all cognitive measures across the study
time frame.
HLM models predicting each of the cognitive variables were estimated to model change
in them over time (Table 2). Each model consisted of the intercept and a time variable centered
at baseline (coded 0, 1, and 2). Coding the time variable in this manner allowed for interpreting
the intercept as participants' baseline score on the variable, and the time slope as the change in
the baseline score over each time point. Results showed a statistically significant growth curve in
both TMT A and TMT B, such that individuals showed slowing on these tasks over the four
years of the study. On TMT A, participants completed the task in 44.40 seconds on average and
slowed by 5.17 seconds every two years (p < 0.001). On TMT B, participants completed the task
in 120.36 seconds on average and slowed by 12.35 seconds every two years (p = 0.002).
However, results indicated that participants’ performance on the Stroop CW task did not change
significantly over time, and no further longitudinal analyses were run on the task.
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H2: Demographic variables will predict baseline scores on cognitive measures.
To understand the inter-individual predictive utility of the demographic variables on
cognition task performance, models were run for each cognitive outcome measure with age,
education, and gender as between-subjects variables (Table 3). For the TMT A task, there was a
significant between-subjects effect of age, where older age was associated with longer time to
complete the task: each additional year of age was associated with slower performance on TMT
A by 0.84 seconds. Education and gender did not significantly predict TMT A performance.
For the TMT B task, there were significant between-subjects effects of age and
education, where older age and fewer years of education were associated with longer time to
complete the task: each additional year of age was associated with slower performance on TMT
B by 4.08 seconds, and each additional year of education was associated with faster performance
on TMT B by 5.83 seconds. Gender did not significantly predict TMT B performance.
On the Stroop CW task, results showed significant between-subjects effects of age and
education, where older age and fewer years of education were associated fewer words correctly
read on the task: each additional year of age was associated with 0.65 fewer words read
correctly, and each additional year of education was associated with 0.68 more words read
correctly. Gender did not significantly predict Stroop CW performance.
H3: Baseline education, but not age will moderate change in cognition over time.
Age and education were entered as predictors of the time slope for models predicting
TMT A & B (Table 4). Results showed that education was a significant predictor of the time
slope for the TMT A task, such that a higher level of education was associated with less slowing
over time (Figure 2): each additional year of education reduced the rate of slowing on the TMT
A task by 0.47 seconds/2 years. The model including age and education as moderators of the

22

time slope predicted significantly more variance in TMT A than the model with the betweensubjects factors alone (χ2 (3) = 22.32, p < 0.001). Age did not significantly predict the time slope
for TMT A. On the TMT B task, neither age nor education significantly predicted the time slope.
H4: Indicators of macrostructural WM integrity (WMH) and microstructural WM
integrity in NAWM (DTI) will independently predict change in cognitive measures across
the study.
HLM was used to examine the predictive utility of change in WM integrity on change in
TMT A & B (Table 5). Models were run for each task with baseline demographic variables as
between-subjects controls and percent WMH, FA, and MD as within-subjects variables. Models
including longitudinal WM integrity variables predicted significantly more variance in TMT A
and TMT B than models with between-subjects control variables alone (TMT A: χ2 (3) = 30.8, p
< 0.001; TMT B: χ2 (4) = 29.37, p < 0.001).
For the TMT A task, there was a significant within-subjects effect of MD, where
increases in MD predicted slowing on TMT A. Change in WMH and FA did not significantly
predict change on the task. For the TMT B task, there was a significant within-subjects effect of
WMH, where increases in WMH predicted slowing on TMT B. Change in FA and MD did not
significantly predict change on the task (p > 0.05). It is worth noting that as the within-subjects
variables were group-centered and as time was included in the model, many typical confounds of
the effect (e.g., individual differences) have been accounted for, and these effects provide
evidence of the longitudinal impact of WM integrity on cognition.
H5: Higher MABP will predict lower cognitive performance cross-sectionally and
longitudinally.
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HLM was used to examine the predictive validity of mean arterial blood pressure
(MABP) on cognition. Models were run for each task with age, education, gender, and MABP as
between-subjects variables (Table 6). MABP did not significantly predict inter-individual
performance on any task. Further, models including MABP did not significantly predict more
variance in tasks than models without MABP (TMT A: χ2 (1) = 3.55, p > 0.05; TMT B: χ2 (1) =
3.23, p > 0.05; Stroop CW: χ2 (1) = 0.57, p > 0.05). However, when age was excluded from the
models, MABP significantly predicted performance on TMT A&B, with increased MABP
associated with slower performance on those tasks (Table 7).
Models were also run for TMT A & B tasks with age, education, and gender as betweensubjects control variables and MABP as a within-subjects variable (Table 8). Change in MABP
did not significantly predict change on either task. Thus, no further models including MABP and
WM integrity measures were run.
Discussion
The present study used a longitudinal design to examine whether change in white matter
integrity predicts change in executive functioning and processing speed. Specifically, we
examined 1) if subjects demonstrated cognitive decline on tasks over the course of the study, 2)
if baseline demographic variables (age, education, and gender) predicted cognitive performance
cross-sectionally, 3) if baseline demographic factors moderated change in cognition over time, 4)
if change in WM integrity predicted change on cognitive tasks after controlling for demographic
variables, and 5) if blood pressure predicted cognitive performance longitudinally or crosssectionally. The study aimed to address several gaps in the literature. First, this study adds to the
paucity of longitudinal studies in this area. Second, this study included both macro and
microstructural indicators of WM integrity. Third, this study examined whole-brain measures of
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WMH and DTI in NAWM to contribute to the understanding of the global impact of WM
integrity on cognitive aging. Including both also allowed us to examine whether including DTI
indices in NAWM differentially predicted cognitive decline from WMH accumulation. Finally,
this study included other factors that may impact WM integrity and/or age-related cognitive
decline: cognitive reserve and blood pressure (as a proxy for relative hypertensive effects).
H1: Declines in performance will be observed on all cognitive measures across the study
time frame.
Consistent with our expectation, we found slowing on the Trail Making Test (parts A &
B) over time. This finding is consistent with cross-sectional and longitudinal studies of cognitive
aging (Bennett & Madden, 2014; Kennedy & Raz, 2009). Contrary to our expectation, on the
Stroop Color-Word Task, we did not see a significant effect of time. This is in contrast to crosssectional studies that indicate worse performance with increasing age (Lezak et al., 2012;
Spieler, Balota, & Faust, 1996; Van der Elst, Van Boxtel, Van Breukelen, & Jolles, 2006).
Similarly, longitudinal studies suggest decline on this task that is observable within two years
(Adólfsdóttir, Wollschlaeger, Wehling, & Lundervold, 2017; Van Gerven, Van Boxtel, Ausems,
Bekers, & Jolles, 2012). One possible reason for not replicating these findings is the small
sample size in this study, which may reduce the ability to detect change effects. Additionally,
there is some evidence that age related decline is less pronounced in individuals with high levels
of education, consistent with cognitive reserve (Van der Elst et al., 2006). Given the high
education level of this sample, it may be that the sample is too small and the time frame too short
to detect change effects on this task. Finally, maintenance of cognitive performance across time
is a common finding in longitudinal studies and has been attributed to retest effects (Salthouse,
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2014). Given lack of a time effect on the Stroop CW task in this study, it was not included in
further longitudinal analyses.
H2 & H3: Demographic variables will predict baseline scores on cognitive measures &
Baseline education, but not age will moderate change in cognition over time.
We tested the relationship between demographic variables and baseline cognitive scores
to examine H2. We also examined how baseline age and education moderated change on TMT
over the course of the study to examine H3 and to better understand the factors related to reduced
performance on the TMT. We discuss both aims in the following section.
The cross-sectional analysis in H2 allowed us to compare our sample to the extant crosssectional literature on cognitive aging and to situate our longitudinal analyses within this
literature base. As expected, age was a significant predictor of performance on all three tasks,
such that higher age was associated with slower completion times on TMT A & B and with
fewer words read on Stroop CW. This is consistent with the preponderance of cross-sectional
literature in cognitive aging and allows us to interpret the findings of our longitudinal analyses
more confidently (Lezak et al., 2012; Salthouse, 2011; West, 1996). Gender did not significantly
predict performance on any task, in contrast to our expectation that women would perform more
slowly on TMT B than men. However, this size of this effect has been shown to be small and
thus may not be observed in a sample of the size used for this study (Lezak et al., 2012; Mura et
al., 2016).
Finally, we found that higher levels of education predicted better performance on the EF
tasks examined (TMT B and Stroop CW), consistent with our expectations and the current
literature (Lezak et al., 2012; Siedlecki et al., 2009). However, we did not see an effect of
education on TMT A (a test of processing speed). While there is some evidence to suggest that
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education predicts performance on TMT A cross-sectionally, the size of this effect has been
shown to be smaller than on TMT B, and it may be that a larger sample size than is included in
this study may be required to detect this effect (Lezak et al., 2012; Mura et al., 2016). However,
when we examined how education moderated the change on TMT over the course of the study
(H3), we found that individuals with higher levels of education had slower rates of decline on
TMT A, but not on TMT B. Thus, in the current study education cross-sectionally predicted
performance on tasks with an EF functioning component but did not predict the rate of decline
on such tasks, while on a task of PS, education did not predict the baseline score but did predict
the rate of decline. These findings provide support to the cognitive reserve hypothesis which
states that individuals with greater experiential resources, such as education, are better able to
cope with age-related cortical changes as well as cortical pathology (Brickman et al., 2011;
Mitchell et al., 2012). It is interesting to note that these results were present even within a highlyeducated sample (with 90% having at least a high school diploma). It is unclear how these results
would generalize within a wider range of educational attainments.
In summary, in the current sample, increased age was associated with reduced
performance on measures of PS and EF, while higher educational attainment was associated with
higher performance on measures of EF but not measures of PS alone. Higher educational
attainment predicted slower decline on a task of PS but not on a task of EF. Gender did not
predict cognitive performance. These findings relate directly to the debate around whether
cognitive reserve results in a slower rate of age-related cognitive decline, or rather acts as
protective merely due to higher starting cognitive functioning (Brickman et al., 2011; Mitchell et
al., 2012). The results of the current study suggest that cognitive reserve may reflect the
persistence of earlier differences in cognitive functioning in some domains (executive
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functioning), as well as impact the differential rates of decline in other domains (processing
speed). These results also indicate that cross-sectional and longitudinal analyses of the impact of
education on cognition may provide non-overlapping and complementary information. The
possible impact of educational attainment on cognition in older age is important clinically. If
such developmental factors protect against functional impairment and have substantial
implications for everyday functioning in later life, society-level investment in increasing access
to education may help to prevent monetary and societal costs associated with cognitive aging.
H4: Indicators of macrostructural WM integrity (WMH) and microstructural WM
integrity in NAWM (DTI) will independently predict change in cognitive measures across
the study.
We examined whether change on global NAWM DTI indices (FA and MD) and global
WMH predicted decline on the Trail Making Test and we found that reductions in global white
matter integrity predicted slowing on the TMT. This is consistent with what has been suggested
from the findings of cross-sectional studies of cognition and WM integrity (Bennett & Madden,
2014; Gunning-Dixon & Raz, 2003; MacPherson et al., 2017). Furthermore, we found that WM
integrity indicators predicted significantly more variability within the sample than demographic
factors alone, suggesting the usefulness of longitudinal designs. Unexpectedly, we found that
WMHs and NAWM DTI indices differentially predicted parts A & B of the TMT. Declines in
integrity in NAWM, as measured by increases in MD, predicted slowing on the TMT A, while
changes in FA and percentage of WMH did not predict change on the task. Conversely, increases
in percentage of WMH predicted slowing on TMT B, while changes in DTI indices in NAWM
did not predict performance on the task.
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The finding that increases in WMH burden predicted slowing on TMT B is consistent
with longitudinal studies that found similar associations between WMH burden and tasks of EF
more generally (Bennett & Madden, 2014; Carmichael et al., 2012; Lockhart & DeCarli, 2014),
as well as studies that examined TMT B performance specifically (MacPherson et al., 2017;
Zheng et al., 2012). One explanation for this finding is related to frontal lobe involvement. Poor
performance on the TMT B has been consistently associated with dysfunction in the prefrontal
cortex or disruption of the connections between frontal cortex and other cortical regions:
individuals with dorsolateral prefrontal cortex and anterior cingulate lesions tend to perform
poorly on this task and reduced prefrontal WM volume has been associated with worse
performance (Bennett & Madden, 2014; Lezak et al., 2012; Lockhart & DeCarli, 2014).
Similarly, WMH tend to develop along an anterior to posterior gradient and may reflect
decreased connections to the frontal lobes (Lockhart & DeCarli, 2014; Wakefield et al., 2010). It
has been previously demonstrated that frontal, but not posterior WMH burden, may drive the
relationship between WMH burden and EF performance (Papp et al., 2014). Thus, it may be that
frontal WMH burden may explain the predictive utility of change in WMH on slowing on TMT
B. A detailed analysis of spatial WMH burden was beyond the scope of this work. However,
future studies may benefit from considering global as well as regional WMH burden.
Contrary to our expectations, we found that change in FA and MD in NAWM did not
predict change on the TMT B. There are several possible explanations for this finding. First,
there is not an established consensus in the extant longitudinal literature with some studies
finding change in DTI indices in NAWM predicting change in EF tasks (Charlton et al., 2010;
Faget-Agius et al., 2013; Fjell et al., 2016) and others showing no association (Bender, Prindle,
et al., 2016; Lövdén et al., 2014). Therefore, our findings highlight the importance of continued
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studies to develop a greater base of literature in this area. Second, as we did not account for the
spatial locations of WMH, the anatomical locations of the NAWM included in the analysis is
unclear. Thus, given that WMH are generally more pronounced in anterior regions, it may be that
the frontal WM integrity decline is more strongly accounted for in the WMH change variable
(Gunning-Dixon et al., 2009; Raz et al., 2005, 1998). Finally, many of the studies examining DTI
indices and performance on the TMT B longitudinally have utilized tract-specific analyses
(Bennett & Madden, 2014; MacPherson et al., 2017; Perry et al., 2009). It may be that whole
brain analyses of DTI indices wash out the effects of specific tracks that are involved in EF
(Bennett & Madden, 2014). Conversely, there is some evidence to suggest that global DTI
indices are more useful for predicting performance on tasks of processing speed than other
cognitive domains (Bennett & Madden, 2014; Jolly et al., 2017).
Many studies have found increases in WMH burden to be associated with reductions in
performance on tasks of processing speed (Carmichael et al., 2012; Lockhart & DeCarli, 2014a;
Longstreth et al., 1996; Vannorsdall, Waldstein, Kraut, Pearlson, & Schretlen, 2009) and crosssectional studies have generally found an association (Rabbitt et al., 2007; Raz et al., 2012).
Indeed, a greater WMH burden was correlated with slower performances on this sample at the
two year mark, though analysis did not include TMT A (Papp et al., 2014). However, the current
study did not replicate the expected effect as change in WMH did not predict slowing on TMT
A. While this finding was unexpected and inconsistent with many previous studies in this area, it
may be that a frontal WMH pattern may not account for relevant global WM integrity factors
that are important for processing speed tasks (as stated above). As such, it may be that the
change in processing speed is better accounted for by the global NAWM DTI indices (Bennett &
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Madden, 2014; Jolly et al., 2017). This may be particularly salient on a task such as the TMT A
with a strong visual scanning component (Lezak et al., 2012).
The current study found that increases in MD, but not reductions in FA, in NAWM
predicted slowing on the TMT A. This is partially consistent with the extant literature base.
Longitudinal studies of microstructural WM integrity have generally found that change in FA
and MD predict change in PS, with the most consistent effects found in FA (Kerchner et al.,
2012; Lövdén et al., 2014; O’Sullivan et al., 2001). Similarly, cross-sectional studies have found
that increased MD and reduced FA is associated with slower performance (Bettcher et al., 2016;
Borghesani et al., 2013; Charlton et al., 2010; Jacobs et al., 2013; Kennedy & Raz, 2009;
Santiago et al., 2015). However, few of these studies utilized the same methodology as the
current study, with many using measures of reaction time as indicators of PS, none using change
in TMT A as an outcome variable, others using tract based analyses, and more not including
longitudinal analyses.
The current finding that change in MD and FA are non-redundant in predicting
performance on TMT A is not surprising. While FA and MD are generally inversely related and
are derived from the same raw water molecular diffusion data, they are widely perceived to
provide different information about the underlying microstructure of white matter (Bennett &
Madden, 2014). Lower FA is thought to reflect loss or degeneration of axons, whereas higher
MD is suggested to represent changes in WM tract integrity due to demyelination or injury to
other extracellular structures (MacPherson et al., 2017; Borghesani, 2013; Santiago et al., 2015).
The results of the current study are consistent with these hypotheses and suggest that that FA and
MD capture different WM changes of in aging (Lövdén et al., 2014). There is also some
evidence to suggest that MD may be an earlier marker of decline in NAWM throughout the brain
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and thus, may be a good indicator of global NAWM integrity (Maniega et al., 2015). Given these
factors, it may be that the change in TMT A (a visual scanning task) is better accounted for by
the global NAWM MD (Bennett & Madden, 2014; Jolly et al., 2017). Finally, it may be that
whole brain analyses of FA washes out the effects of specific tracks that are involved in
performance of TMT A (Bennett & Madden, 2014).
The Trail Making Test is one of the most commonly used tests of executive functioning
in clinical neuropsychological assessment. Older adults who have poor performance on TMT B
are likely to have difficulties with complex activities of daily living and worse clinical outcomes.
TMT B has been shown to be sensitive to the progressive cognitive decline in dementia and to
predict risk for falls (Lezak et al., 2012; Zheng et al., 2012). Performance on TMT A can also
differentiate individuals with dementia from typically aging adults (Lezak et al., 2012). Decline
in processing speed and executive functioning have generally been shown to impact
independence in typical aging, such as driving continuance and medication management, as well
as rates of hospitalization (Kerchner et al., 2012; Lockhart & DeCarli, 2014). Understanding the
biological basis of cognitive changes in typical aging may allow prediction and treatment of agerelated cognitive decline, with the goal of enhancing quality and survival in later life. The current
study supports the hypothesis that reduction in WM integrity predicts cognitive decline in typical
aging. Additionally, the study suggests that WMH burden and microstructural indices of WM
integrity in NAWM provide non-overlapping but complementary information on how change in
WM integrity predicts cognitive decline. While DTI indices and WMH are measuring similar
processes (breakdowns in WM integrity), evidence suggest that DTI is a more sensitive measure
of white matter integrity (Burgmans et al., 2010; Hugenschmidt et al., 2008). DTI also allows for
the examination of WM integrity in NAWM, and the current study suggests that doing so will
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add important information to aid in understanding the impact of WM decline on cognition in
normal aging. Changes in WM integrity (as measured by WMH and DTI indices), are now
considered an expected component of normal aging rather than specific markers for
neurocognitive disorders and disease; however, the current study (consistent with extant
literature) suggests that WM integrity decline has measurable impacts on cognitive decline even
in cognitively ‘healthy’ adults. Thus, understanding and preventing WM integrity decline may
have important clinical implications for maximizing and maintaining cognitive abilities and
promoting positive outcomes in older adults. Finally, studies will benefit from including DTI
indices of WM integrity in NAWM, given the sensitivity of DTI to subtle changes and the
evidence form the current study that NAWM DTI is non-redundant with WMH.
H5: MABP will predict cognitive performance cross-sectionally and longitudinally.
To better understand the possible vascular impact on cognitive aging, we examined
whether mean arterial blood pressure (MABP) predicted cognitive performance cross-sectionally
or longitudinally. MABP did not significantly predict performance on the Stroop CW, crosssectionally. On the TMT, higher MABP at baseline predicted slower performance on both parts
A & B, but only after age had been removed from the model. Vascular risk factors, such as blood
pressure, increase with age and have been shown to contribute to cross-sectional age-related
differences in DTI indices and WMH burden (Bender & Raz, 2015; Gunning-Dixon et al., 2009;
Lockhart & DeCarli, 2014). The finding of predictive overlap of MABP and age on TMT
performance indicates that vascular factors may indeed confound the study of cognitive aging, as
has been suggested (Bennett & Madden, 2014; Lockhart et al., 2012). However, this pattern was
not observed on the Stroop CW task, suggesting that blood pressure does not account for all of
the aging impact observed on cognitive tasks and that other factors should also be considered.

33

Thus, this study provides partial support for the findings that hypertension and other vascular
factors have been found to be associated with cognitive performance, with the most frequent
effects including declines in attention and working memory, processing speed, and executive
functioning (Debette & Markus, 2010; Scott et al., 2016). However, it is likely that MABP alone
does not account for the vascular load and that vascular composite (including hypertension,
diabetes mellitus, smoking, and weight status) would show better cross-sectional prediction
across tasks.
In line with this, change in MABP did not predict change in performance on the TMT,
indicating that blood pressure alone does not account for the predictive power of WM integrity
indicators on cognitive change. Indeed, studies have found decline in WM integrity even among
individuals with medication controlled hypertension (Salat et al., 2012; Scott et al., 2016). As
stated above, it may be that the longitudinal prediction of cognition improves with inclusion of
other vascular components; however, such analysis was beyond the scope of this study. Some
relevant factors that were not accounted for include the impact of medications and the duration
of treatment of hypertension. Additionally, it may be that the duration of untreated hypertension
may be an important baseline factor to control for (Bender & Raz, 2015). Blood pressure is not a
static number and may fluctuate over the course of the day or week, and thus this may account
for the lack of longitudinal prediction in the current study. Finally, there is an accumulating body
of literature which indicates that vascular risk factors predict declines in WM integrity (Allan et
al., 2015; Salat et al., 2012; Scott et al., 2016; Tsao et al., 2016). While outside the scope of this
study, future research should further explore the relationships between WM integrity, vascular
risk, and cognition in more depth, as this may help to more fully elucidate the factors that
contribute to cognitive aging.
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Limitations
The present study has several notable limitations. Certain characteristics of our sample
may reduce the extent to which these findings can be generalized to a broader aging population.
First, our sample was exclusively Caucasian as attempts to recruit minority participants were
unsuccessful. The sample was also highly educated with 90% having graduated high school, and
70% having gone beyond high school. The age range of the sample was relatively narrow, 75–90
at baseline, compared to other studies. Further, the sample was relatively healthy with 28 of 85
having Stage 1 hypertension (SBP > 140), and only 7 with Stage 2 hypertension (SBP > 160) on
clinical blood pressure assessments at baseline. Finally, individuals with MMSE less than 24
were excluded, thus skewing our sample toward those who were cognitively intact, and possibly
limiting our ability to demonstrate cognitive deterioration over the ensuing 4 years (on the Stroop
CW task, for example). These sample characteristics may limit the generalizability of the
findings as the cohort was not entirely representative of the elderly population at large. Future
studies should attempt to include a more representative sample. In addition, while HLM allows
for maximal inclusion of data, we did have significant attrition across the task, resulting in loss
of power to detect longitudinal effects and more subtle cross-sectional effects may have been
missed. Finally, we performed a large number of comparisons, so the possibility of Type I error
exists.
This study aimed to address gaps in the extant literature on the impact of white matter
integrity on cognitive aging. Given the limited number of studies which have examined the
longitudinal relationships between WMH and microstructural WM integrity in NAWM and
cognitive decline, this study was designed to answer questions using whole brain analyses. While
this is a strength of this study, it also means that more detailed questions cannot be answered. For
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example, we did not account for the spatial location or individual differences in the distribution
of WMH lesions. Thus, we do not know the anatomical location of the WMH or NAWM utilized
for analyses. Further, we did not account for WM volume loss across the study. Thus, this study
cannot speak to the impact of regional or tract-specific factors that may drive the findings.
Additionally, it may be that whole brain analyses of indices wash out the effects of WM integrity
in specific tracts or regions on cognitive tasks, and therefore we did not pick up on important
effects (Bennett & Madden, 2014). Further, though fractional anisotropy (FA) and mean
diffusivity (MD) are two of the most frequently used properties of DTI measures of WM
integrity, other DTI indices (radial and axial diffusivity) have also demonstrated complementary
relevance to studies of WM integrity and cognitive aging (Bennett & Madden, 2014; Faith M
Gunning-Dixon et al., 2009). Continued research that elucidates the most relevant DTI indices
for understanding WM integrity will promote parsimonious research.
Finally, to reduce the number of multiple comparisons, the number of variables included
in analyses were limited. For example, three cognitive tasks and one measure of vascular risk
were included. Focusing on specific cognitive tasks, rather than creating composites of cognitive
domains, allows for increased reproducibility of findings. However, it also limits our ability to
generalize our findings to understand the impact of WM integrity on broader cognitive domains
(such as processing speed and executive functioning). Similarly, using one indicator of blood
pressure, does not allow us to speak more broadly to the impact of vascular risk factors
collectively on cognition.
Summary & Conclusions
Despite its limitations, the present study makes a significant contribution to the literature,
as it is one of only a small number of studies examining the impact of WMH and microstructural
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NAWM integrity on cognitive performance using a longitudinal design. The present study
provides support for the hypothesis that reduction in WM integrity predicts cognitive decline in
typical aging. Measures of WM integrity may serve as bio-markers for early intervention trials
aimed at improving cognitive health, and understanding these factors in typical aging and may
have important clinical implications. While decline in WM is now considered typical in normal
aging, the current study suggests that WM integrity decline has measurable impacts on cognitive
decline in the absence of frank disease. Thus, preventing WM integrity decline may promote
positive outcomes in older adults by maintaining cognitive abilities and related independence.
Additionally, the study suggests that WMH burden and microstructural indices of WM integrity
in NAWM provide non-overlapping but complementary information on how changes in WM
integrity predict cognitive decline. DTI, by allowing for the examination of WM integrity in
NAWM, adds important information to aid in understanding the impact of WM decline on
cognition in normal aging.
The present study also examined other factors that may play a role in cognitive aging. We
found evidence that cognitive reserve may reflect the persistence of earlier differences in
cognitive functioning in some domains while it may impact the differential rates of decline in
other domains. Finally, we found evidence that blood pressure alone does not account for the
predictive power of WM integrity indicators on cognitive change in older age. Further research
on cognitive aging is warranted as it has implications for clinical outcomes in later life. Future
research should further tease apart the different aspects of neurological and cognitive aging,
specifying the relationships between relevant variables in this process. Studies such as this one
can serve as a base for those future studies.
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Tables
Table 1
Characteristics of the Cohort at Baseline and Over 4 Years of Observation
Parameter

Baseline Mean (SD)

Two Year Mean (SD)

Four Year Mean (SD)

n = 85

n = 64

n = 37

Baseline Age (years)

82.9 (4.0)

82.4 (3.9)

81.9 (4.3)

Years Education

15.2 (2.9)

15.3 (2.7)

15.5 (3.0)

Baseline WTAR

112.8 (12.1)

114.2 (10.9)

115.2 (12.3)

Male

38 (44.7%)

32 (50%)

17 (45.9%)

Female

47 (55.3%)

32 (50%)

20 (54.1%)

TMTA (seconds)

43.9 (18.4)

49.5 (16.8)

50.5 (18.3)

TMTB (seconds)

119.5 (58.6)

127.7 (65.5)

126.1 (73.7)

Stroop Words (words)

90.0 (13.5)

85.0 (14.3)

84.4 (18.8)

Stroop Color (words)

57.4 (11.4)

56.5 (10.6)

55.8 (11.1)

Stroop Color-Word (words)

26.7 (8.7)

26.1 (8.9)

27.0 (8.4)

WMH/Total Brain Volume (%)

0.96 (0.89)

1.39 (1.14)

1.76 (1.28)

FA NAWM

0.41 (0.02)

0.40 (0.02)

0.36 (0.03)

0.817 (0.030)

0.822 (0.031)

0.821 (0.034)

93.4 (10.5)

90.1 (9.4)

91.9 (10.4)

Gender

MD NAWM (μm /second)
2

MABP (S/D) (mmHg)

Notes: SD = standard deviation; WMH = white matter hyperintensity lesions; WTAR = Wechsler Test of
Adult Reading; TMTA = Trail Making Test A; TMTB = Trail Making Test B; FA = Fractional Anisotropy;
MD = Mean Diffusivity; NAWM = Normal Appearing White Matter; MABP = mean arterial blood
pressure.
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Table 2
Time only models of change in cognitive outcome variables
Cognitive
Measure
TMT A
TMT B

Stroop CW

Fixed Effect
Intercept

Standard
t-ratio
error
44.40
1.95 22.80

Coefficient

DF

p-value

84

<0.001

4.37 184

<0.001

Time Slope

5.17

1.18

Intercept

120.36

7.07

Time Slope

12.35

4.00

Intercept

26.65

0.95

28.11

84

<0.001

Time Slope

-0.64

0.47

-1.37 184

0.170

39

17.02

84

<0.001

3.09 184

0.002

Table 3
Cross-sectional analysis of baseline demographic factors with cognitive outcome variables
Cognitive
Measure
TMT A

TMT B

Stroop CW

Fixed Effect
Intercept
Age Slope
Education Slope
Gender Slope
Intercept
Age Slope
Education Slope
Gender Slope
Intercept
Age Slope
Education Slope
Gender Slope

Coefficient
46.06
0.84
-1.071098
1.150306
131.47
4.08
-5.83
-1.95
22.40
-0.65
0.68
2.44

Standard
t-ratio
error
5.48
0.42
0.588427
3.359810
19.72
1.50
2.11
12.10
2.72
0.21
0.29
1.67

40

8.41
2.01
-1.820
0.342
6.67
2.71
-2.76
-0.16
8.24
-3.15
2.32
1.46

DF

p-value

81
81
81
81
81
81
81
81
81
81
81
81

<0.001
0.044
0.068
0.732
<0.001
0.007
0.006
0.873
<0.001
0.002
0.020
0.144

Table 4
Baseline demographic moderation of change on the Trail Making Test
Cognitive
Measure
TMT A

TMT B

Fixed Effect

Coefficient

Between-Subjects Effects
Intercept
49.51
Age Slope
1.07
Education Slope
-0.47
Gender Slope
1.29
Interaction with Time
Intercept
19.76
Age Slope
-0.15
Education Slope
-0.94
Between-Subjects Effects
Intercept
123.55
Age Slope
4.73
Education Slope
-5.32
Gender Slope
-2.06
Interaction with Time
Intercept
12.55
Age Slope
-0.43
Education Slope
-0.75
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Standard
error

t-ratio

DF

p-value

12.41
0.48
0.67
3.50

3.99
2.25
-0.71
0.37

81
81
81
81

<0.001
0.025
0.479
0.712

6.24
0.29
0.40

3.17
-0.53
-2.35

179
179
179

0.002
0.599
0.019

20.11
1.66
2.33
12.25

6.14
2.84
-2.29
-0.17

81
81
81
81

<0.001
0.005
0.022
0.867

4.03
0.99
1.38

3.12
-0.43
-0.54

179
179
179

0.002
0.664
0.589

Table 5
Predicting change on the Trail Making Test with change in global white matter integrity
Cognitive Measure Fixed Effect
TMT A

TMT B

Standard
error

t-ratio

DF

p-value

44.53
0.90
-1.07
1.36

5.76
0.43
0.60
3.44

7.73
2.09
-1.78
0.40

81
81
81
81

<0.001
0.036
0.075
0.692

1.96
4.12
-56.87
322.73

2.12
2.96
80.97
102.07

0.92
1.39
-0.70
3.16

178
178
178
178

0.356
0.165
0.482
0.002

131.44
4.18
-5.70
-1.63

20.07
1.51
2.11
12.06

6.55
2.77
-2.70
-0.14

81
81
81
81

<0.001
0.006
0.007
0.893

-0.04
42.60
269.58
365.07

6.69
9.13
249.85
312.28

-0.01
4.67
1.08
1.17

178
178
178
178

0.995
<0.001
0.281
0.243

Coefficient

Between-Subjects Effects
Intercept
Age Slope
Education Slope
Gender Slope
Within-Subjects Effects
Intercept
WMH Slope
FA Slope
MD Slope
Between-Subjects Effects
Intercept
Age Slope
Education Slope
Gender Slope
Within-Subjects Effects
Intercept
WMH Slope
FA Slope
MD Slope

Notes: WMH = percentage white matter hyperintensity burden; TMT A = Trail Making Test A;
TMT B = Trail Making Test B; FA = Fractional Anisotropy; MD = Mean Diffusivity
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Table 6
Cross-sectional prediction of cognitive outcome variables: Age and MABP model
Cognitive Measure
TMT A

TMT B

Stroop CW

Coefficient

Standard
error

t-ratio

DF

p-value

Intercept

46.54

5.38

8.65

80

<0.001

Age Slope

0.70

0.42

1.69

80

0.091

Education Slope

-1.16

0.58

-2.01

80

0.045

Gender Slope

0.90

3.30

0.27

80

0.786

MABP Slope

0.30

0.16

1.90

80

0.057

Intercept

133.22

19.40

6.87

80

<0.001

Age Slope

3.60

1.50

2.40

80

0.017

Education Slope

-6.14

2.08

-2.94

80

0.004

Gender Slope

-2.94

11.91

-0.25

80

0.805

MABP Slope

1.03

0.57

1.81

80

0.070

Intercept

22.28

2.71

8.21

80

<0.001

Age Slope

-0.63

0.21

-2.98

80

0.003

Education Slope

0.69

0.29

2.38

80

0.017

Gender Slope

2.51

1.67

1.51

80

0.132

MABP Slope

-0.06

0.08

-0.75

80

0.452

Fixed Effect

Notes: MABP = mean arterial blood pressure.

43

Table 7
Cross-sectional prediction of cognitive outcome variables: MABP only model
Cognitive
Measure
TMT A

TMT B

Stroop CW

Fixed Effect

Coefficient

Standard
error

t-ratio

DF

p-value

Intercept
MABP Slope
Education Slope
Gender Slope
Intercept
MABP Slope
Education Slope
Gender Slope
Intercept
MABP Slope
Education Slope
Gender Slope

46.06
0.35
-1.07
1.15
131.47
1.27
-5.83
-1.95
22.40
-0.10
0.68
2.44

5.48
0.16
0.59
3.36
19.72
0.58
2.11
12.10
2.72
0.08
0.29
1.67

8.41
2.20
-1.82
0.34
6.67
2.21
-2.76
-0.16
8.24
-1.23
2.32
1.46

81
81
81
81
81
81
81
81
81
81
81
81

<0.001
0.028
0.068
0.732
<0.001
0.027
0.006
0.873
<0.001
0.220
0.020
0.144

Notes: MABP = mean arterial blood pressure.
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Table 8
Longitudinal prediction of change on the Trail Making Test: MABP model
Cognitive Measure Fixed Effect
TMT A

TMT B

Coefficient

Between-Subjects Effects
Intercept
42.43
Age Slope
0.98
Education Slope
-1.08
Gender
1.26
Within-Subjects Effects
Intercept
5.36
MABP Slope
0.15
Between-Subjects Effects
Intercept
123.32
Age Slope
4.45
Education Slope
-5.80
Gender
-1.98
Within-Subjects Effects
Intercept
12.87
MABP Slope
0.34

Notes: MABP = mean arterial blood pressure.
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Standard
error

t-ratio

DF

p-value

5.70
0.43
0.61
3.47

7.45
2.26
-1.78
0.37

81
81
81
81

<0.001
0.024
0.074
0.715

1.18
0.16

4.54
0.96

180
180

<0.001
0.340

20.18
1.53
2.15
12.30

6.11
2.91
-2.70
-0.16

81
81
81
81

<0.001
0.004
0.007
0.872

3.96
0.47

3.25
0.71

180
180

0.002
0.476

Figures
Figure 1
Sample size flow chart
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Figure 2
Interaction of Time and Education on performance on the Trail Making Test Part A. Individuals
with higher levels of education demonstrated less slowing on the task across the study.
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